This paper reports the effect of the change in the credit status of debtors on investors as a result of the banks' transferring of credit risk to investors in the credit risk transfer (CRT) market. Thus, an entropy spatial model is introduced, in which the spatial distance and nonlinear coupling between the banks and the investors, the transfer ability of credit risk of banks, and investor appetite for risk in the CRT network are considered. The contagion effects of the credit default of debtor on the default rates of investors in the CRT market are investigated using numerical simulation and sensitivity analysis.
Introduction
The recent subprime credit crisis motivates the development of models in which credit risk contagion has repercussions on other investors in the financial market, particularly the credit risk transfer (CRT) market. The effects of the credit risk contagion induced by the credit default of a debtor on the credit risk of investors in the CRT market are therefore evaluated.
Different approaches have been proposed to analyze the credit risk contagion. Davis and Lo [1, 2] introduced two classes of purely probabilistic models that explore the contagion effects of defaults in a portfolio of bonds. This portfolio provides a purely probabilistic alternative to Moody's diversity score analysis. Jarrow and Yu [3] generalized the existing reduced-form models to include default intensities dependent on the default of a counterparty. The counterparty includes the jump processes in the set of state variables, thereby capturing the interdependence among several default processes. Moreover, this study also provided examples with explicit bond pricing formulae and showed that marketwide risk factors and firm-specific counterparty risks interact to generate various shapes for the term structure of credit spreads. Frey and Backhaus [4] extended the approach of Jarrow and Yu [3] and assumed that the default intensity of a firm is directly affected by the default of other firms in the portfolio, which consider intensity-based dynamic models for dependent defaults. Focardi and Fabozzi [5] proposed a contagion model using percolation and random graphs. Giesecke [6] introduced credit contagion models on the basis of interacting particle systems and investigated the relative strength of cyclical correlations and contagion. Giesecke [7] also first attempted to integrate macroeconomic effects, causing cyclical default correlations, and contagion phenomena, associated with the local interaction of debtors with their business partners. Egloff et al. [8] proposed a simple model of credit contagion that includes macroeconomic and microstructural interdependencies among the debtors within a credit portfolio. Martin and Marrison [9] presented an approach to model credit contagion and the spread of credit events between related companies. Kchia and Larsson [10] provided a general framework that can handle arbitrarily numerous nonordered default times under the basic assumption that conditional joint densities exist. Their work clearly demonstrates the presence of informationdriven contagion effects.
A number of recent studies have considered the credit risk contagion of the CRT market. Haworth and Reisinger [11] proposed a numerical approach to modeling firm value dynamics and the default event, enabling the valuation of basket credit default swap spreads in a first passage framework with both asset correlation and default contagion. Their model could be used as a powerful tool for analyzing the spread impact of different dependence assumptions and parameter values. Allen and Carletti [12] proposed a model with banking and insurance sectors, which show that credit risk transfer can be beneficial because it improves risk sharing. However, credit risk transfer can also induce contagion and lead to a Pareto reduction in welfare. Haworth et al. [13] developed a two-dimensional structural framework for valuing credit default swaps and corporate bonds in the presence of default contagion. Jorion and Zhang [14] provided the first empirical analysis of credit contagion via direct counterparty effects and found that bankruptcy announcements cause negative abnormal equity returns and increases in CDS spreads for creditors. In addition, creditors with large exposures are more likely to suffer subsequently from financial distress. Chen and He [15] presented a network model of credit risk contagion that analyzes the mechanisms by which the degree of individual relationship, individual attitude to credit risk contagion, the individual ability to resist credit risk contagion, the monitoring strength of the financial market regulators, and the network structure affect credit risk contagion. Chen et al. [16, 17] proposed a series of nonlinear dynamics model of credit risk contagion in the CRT market to discuss the dynamic evolution behavior of credit risk contagion.
Entropy has been widely applied in the study of spatial interaction theory as the uncertainty measurement of the system to form the entropy spatial interaction theory. Entropy spatial interaction models can disperse the agents from an origin to all destinations, instead of assigning all agents to the nearest one. Moreover, entropy models can be obtained as an optimal solution of a mathematical programming problem such that the dispersion of the origin-destination flows is maximized by maximizing the entropy of the system [18] . Thus, entropy has become an effective tool to analyze the interaction flows between a set of origins and a set of destinations [19] [20] [21] . Such flows generally represent sets of agents that move from an origin to a destination zone [24] . Recently, the entropy spatial interaction theory has been applied in the economic and financial system to analyze the effect of the spatial location of economic subject and information flow on an economic system. Wilson [22] introduced a new framework for constructing spatial interaction and associated location models. The models contribute to multiregional demographic and input-output models, to transport and to location modeling, such as retail. Gordon [23] proposed an entropy spatial interaction model based on economic principles and random utility maximization. Barro and Basso [24] introduced an entropy spatial interaction model that considers the counterparty risk in a network of interdependent firms. This model describes the presence of business relations among different firms, which study the effects of credit contagion on the credit risk of a portfolio of bank loans. In an economic system, recent studies obtained entropy spatial model that mainly uses the effective information of the spatial distance matrix of the economic subjects in the economic networks and the weight distribution of network nodes to maximize entropy. However, studies on economic and financial systems have not considered the risk preference and heterogeneity of economic subjects as well as the heterogeneity of geographical location.
In this paper, several contributions to the study of credit risk contagion in the CRT network are reported. First, a new model of credit risk transfer is proposed, in which the spatial distance and the nonlinear coupling between banks and investors, the transfer ability of credit risk of banks, and investor appetite for risk in the CRT network are considered. This model mainly analyzes the liquidity ratios of credit risk through credit risk transfer from banks to investors. Second, a value contagion model of discrete time of a multiname credit derivative is built based on Basso and Barro [25] , and then an entropy spatial contagion model of credit risk that consists of the above two models is obtained. Finally, a series of numerical simulation analysis of the proposed model is performed.
The paper is structured as follows. Entropy spatial models of credit risk transfer and contagion in the CRT network are discussed in Sections 2 and 3, respectively. In Section 4, the numerical simulation results from the proposed model are presented. Finally, Section 5 provides a summary with concluding remarks.
Entropy Spatial Model of Credit Risk
Transfer in the CRT Network
Notations and Assumptions.
A model of credit risk transfer is introduced. This model considers the spatial distance and the nonlinear coupling between the banks and investors, transfer ability of credit risk of the banks, and investor appetite for risk in the CRT network. Spatial transfer of credit risk is characterized by an entropy spatial interaction model. The CRT network is assumed to be a tiered structure network with multi-origin-destination (e.g., Figure 1 ); namely, a bank can transfer credit risk to multiple investors, and credit risk of an investor may come from multiple banks. Moreover, the credit risk transfer is unidirectional from banks to investors. The notations used in this paper are summarized as follows:
. . , } refers to the set of banks in the CRT network and is also the set of origins of the CRT network;
(ii) = {1, . . . , } refers to the set of investors in the CRT network and is also the set of destinations of the CRT network;
(iii) , for ∈ and ∈ , is the flow of credit derivatives from bank to investor , generated by the model; (iv) = ∑ =1 , for ∈ , is the total flow of credit derivatives going out from bank , observed in the CRT network; (v) = ∑ =1 , for ∈ , represents the total flow of credit derivatives coming into investor , observed in the CRT network;
is the total flow of credit derivatives observed in the CRT network; (vii) , for ∈ and ∈ , refers to the spatial distance between bank and investor ; (viii) = / , for ∈ and ∈ , is the share of the total flow of credit derivatives which transfers from bank to investor ; (ix) = / , for ∈ , is the share of total flow of credit derivatives going out from bank ; (x) ℎ = / , for ∈ , is the share of total flow of credit derivatives coming into investor ;
(xi) , for ∈ and ∈ , is the ability of bank to transfer credit derivatives that the level of credit risk exceed the average risk level to investor ; (xii) represents the risk preference of investor ; (xiii) , for ∈ and ∈ , represents the nonlinear coupling coefficient between bank and investor .
In addition, the locations of banks and investors are assumed to be homogeneous. This condition will reduce the complexity and difficulty of the present study and promote understanding the effect mechanism of the spatial distance between bank and investor on the credit risk contagion from bank to investor . [21] , Gordon [23] , and Barro and Basso [24] , an entropy spatial interaction model that is constrained both to banks and investors generates the bank-investor flows in the CRT network:
Entropy Spatial Model of CRT. According to O'Kelly
, and the impedance function is a decreasing function of the spatial distance between bank and investor in the CRT network.
According to the above hypothesis and (1), the entropy spatial interaction model may be defined according to the shares of total flows rather than on the flows in the CRT network:
That is,
For the impedance function , O'Kelly [21] , Gordon [23] , and Barro and Basso [24] provided a wide and common definition in the entropy models as follows:
where ∈ R + is a real parameter. Equation (4) is used to define the impedance function of credit risk transfer, which can maximize the entropy of the CRT network satisfying the given constraints and describe the effects of the spatial distance between bank and investor on credit risk transfer. However, in this definition, the nonlinear coupling between bank and investor during credit risk transfer is ignored. Several studies have reported on the role played by the nonlinear coupling in credit risk transfer, especially for evolution behavior to credit risk contagion (see, e.g., [16, 17] ). Different levels of nonlinear coupling between banks and investors in the CRT market are found because of the existence of market noise and information asymmetry. The impedance function of credit risk transfer is redefined based on (4) to consider the effect of nonlinear coupling between banks and investors on credit risk transfer:
where is the nonlinear coupling coefficient of between bank and investor during credit risk transfer and 0 < ≤ 1.
Therefore, the new impedance function ( , ) can consider the effects of the spatial distance and the nonlinear coupling between bank and investor on credit risk transfer and can also maximize the entropy of the CRT network satisfying the given constraints. According to (3) and (5), the entropy spatial interaction model on the shares of total flows can be written as follows:
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The model defined using (6) may be useful, and is the probability that a credit derivative in the CRT network will belong to the flow of credit derivatives moving from bank to investor . Hence, the information on credit risk transfer from bank to investor can be very fully extracted and described through probability. The entropy spatial interaction model (6) is a doubly constrained model. Therefore, an entropy spatial model constrained only to either banks or investors can be defined. According to the needs of the present study, the entropy spatial model constrained only to investors is defined as follows:
where = [∑ =1 − ] −1 , ∈ , ∈ . In the proposed model (7), the value of the entropy of the system of credit risk transfer is closely related with the spatial distance and nonlinear coupling coefficient between bank and investor , the ability of bank to transfer credit risk of exceeding the average risk level to investor , and the risk preference of investor in the CRT market. Moreover, the effect of the risk preference of investor is significant on bank that transfers credit risk [12, 26] .
Entropy Spatial Model of Credit Risk Contagion in the CRT Network
In the CRT market, banks optimize and reorganize credit risks that are formed by the debtors and then transfer them to investors through the form of credit derivatives. This behavior reduces the financing cost and risk concentration, satisfies the regulatory capital requirements, and maximizes the banks' own interests. If the credit status of the debtors changes or the debtors credit defaults, the value of credit derivatives that are associated with the debtors fluctuates and affects banks and investors. Moreover, when the loss rate caused by the fluctuation of the value of credit derivatives is greater than the given threshold value , banks and investors will have similar credit default behavior. This condition will result in the contagion effect of credit risk. In this paper, the effects of the credit status of the debtors on investors of the CRT market are primarily discussed. To describe the contagion effect of credit risk, a value contagion model of discrete time based on the discrete time is introduced on the basis of the discrete time model proposed by Basso and Barro [25] , which models the asset value of a multiname credit derivatives following a structural approach. In particular, the value of a multiname credit derivative is described by the sum of the microeconomic component which introduces a contagion effect caused by past distresses and a random disturbance term of the external environment. The microeconomic component mainly measures the financial distress of banks by observing the past default of the debtors included in the credit derivatives. The financial distress measure ( ) of bank at time is assumed to originate from the debtors included in the credit derivatives, compared with the average default rate ( ) observed in the economy at time . Thus the financial distress measure ( ) can be described by the following equation:
, (8) where ( ) denotes the set of the major debtors included in the credit derivatives, ( ) denotes the important degree of the debtors included in the credit derivatives, and ( ) = (the value of credit assets of the debtors )/(the value of the credit derivatives ), ( ) > . This condition implies that the loss rate caused by the change in the credit status of the debtors may be greater than the given threshold value . Moreover, when the debtors present serious credit event, such as credit default or bankruptcy, the loss rate can be greater than the given threshold value .
( ) = 1 − ∑ ∈ ( ) ( ) denotes the important degree of all minor debtors included in the credit derivatives. Moreover, the credit default of each minor debtor that leads to the fluctuation of the value of credit derivatives is far less than the given threshold value . That is, the credit defaults of single minor debtor cannot cause the financial distress of banks. ( ) is an indicator function that the major debtors included in the credit derivatives present credit defaults at time , and ( ) is defined as 
Only the credit defaults of the major debtors are considered in (9) . According to Basso and Barro [25] , the percentage of minor debtors equal to the average default rate ( )of the economy is assumed to credit default.
The effect of the past credit defaults of the debtors included in the credit derivatives is interred to long-term memory characteristic on the current credit risk of banks, and the effect of long-term memory is assumed to present an exponential decay in time as an influence of the past credit default [24, 25] . The time of past credit defaults of the debtors included in the credit derivatives is , with > 1. Thus, the effect factor of the past credit defaults of the debtors included in the credit derivatives on the current financial distress of banks is ( ) , with 0 ≤ ( ) < 1. The overall financial distress ( ) of bank at time is measured as the sum of the effects of all the past credit defaults of its debtors as follows:
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Equation (11) depicts the contagion effect of the past credit default of the debtors included in the credit derivatives on the current financial distress of bank . According to Basso and Barro [24, 25] , if the value of ( ) is sufficiently small, only the term ∑ ∞ =1 ( ) ( − ) is not negligible in the practical application. Therefore, in order to achieve its own capital safety and improve operation efficiency of bank , bank can moderately transfer credit risk caused by the debtors to investors of the CRT market. Thus the change in the credit status of the debtors included in the credit derivatives has contagion effect on investors because of the role of credit risk transfer in the CRT market. Through simultaneous equations (7) and (11), the entropy spatial model of credit risk contagion in the CRT market can be obtained as follows:
where is the measurement of credit risk contagion between bank and investor , which is mainly caused by bank transferring credit risk to investor ; ∈ ; ∈ . ( ) denotes the random disturbance term of external environment. Moreover, ( ) is assumed to be a normal distribution with zero mean and standard deviation ( ) . This parameter denotes the effect of the change in external environment on credit risk contagion in the CRT market, including macroeconomic environment, financial environment, industry environment, and legal environment. According to (13) , the entropy spatial model of credit risk contagion can maximize the entropy of credit risk contagion in the CRT network that satisfies the given constraints and can depict the effects of the spatial distance and nonlinear coupling between banks and investors. The model also presents the ability of banks to transfer credit risk, the appetite for risk of investors, the credit status of the debtors, and external environment on credit risk contagion of the CRT network.
Simulation Analysis of Credit Risk Contagion
In the absence of a large number of time series data of an empirical test, numerical simulation analysis is the most effective testing method. Thus, numerical simulation analysis that considers the different values of the parameters in the entropy spatial model is performed. The credit derivatives that are mainly constituted by the credit loans of mediumsized and small enterprises are considered. Let the number of banks = 1000, and the number of investors = 300 in the CRT network. In addition, the average credit default rate in the economy = 0.06, the effect factor of the past credit defaults of the debtors = 0.15, and the disturbance degree of external environment = 0.4. Moreover, we assumed the number of the credit derivatives of the flow in the CRT market is inferred to be equal to 10000, and the number of bank owning credit derivatives is assumed to be a normal distribution, with a mean of 20 and the standard deviation of 4. The ratio of the number of major debtors and minor debtors is assumed to be equal to 0.25. Thus, the effects of the spatial distance and nonlinear coupling between banks and investors, ability of credit risk transfer of banks , concentration of credit risk of investor ℎ , and appetite for risk of investors on credit risk contagion of the CRT network through numerical simulation are discussed under the aforementioned given values of the parameters.
In Figure 2 , credit risk contagion showed significant spatial distance effect in the CRT network. The contagion effect of credit risk present an exponential decay in the spatial distance between banks and investors in the CRT network. The larger the spatial distance between banks and investors, the smaller the effect of credit risk contagion in the CRT network. This phenomenon is primarily due to the fact that the information asymmetry and trade cost significantly increase with the increase in the spatial distance between banks and investors. This condition will lead to reduced willingness of investors to invest and probability of credit risk transfer from banks to investors in the long distances. In Figures 2 and 3 , we find that the default rate gradually increases with the increase in the concentration of credit risk of investor ℎ , the ability of credit risk transfer of banks , and the appetite for risk of investors . Moreover, the effect of the ability of banks to transfer credit risk on credit risk contagion have marginal diminishing effect. However, the default rate gradually decreases with the increase in nonlinear coupling between banks and investors. on credit risk contagion in the CRT network than Figure 2 . In addition, the credit risk contagion presents inhibitory effect of correlation between banks and investors in the CRT network. The correlation between banks and investors shows inhibitory effect on the credit default behavior of investors. In fact, the inhibitory effect is short-term and unstable. In the actual financial market, the appetite for risk of investors contributes to credit risk transfer of banks. However, the risk appetite can also intensify the contagion effect of credit risk and increase instability of the financial system.
Conclusion
In this paper, an entropy spatial model of credit risk contagion that considers the effect of the change in the credit status of the debtors on investors as a result of the transfer of credit risk by banks to investor in the CRT market. The effects of the spatial distance and nonlinear coupling between banks and investors, ability of bank to credit risk transfer credit risk, concentration of credit risk of investor, and appetite for risk of investors on credit risk contagion are discussed. Moreover, we found that credit risk contagion exhibits significant spatial distance effect and inhibitory effect on the correlation between banks and investors in the CRT network through numerical simulations and the sensitivity analysis.
However, the present studies may also be applied in other areas such as the inhomogeneity of the different geographical areas, banks, and investors and the interactivity of credit risk contagion.
Discrete Dynamics in Nature and Society Figure 3 : Effect of the concentration of credit risk of investor ℎ , the ability of credit risk transfer of banks , nonlinear coupling between banks and investors, and the appetite for risk of investors on credit risk contagion in the CRT network.
